Abstract: Based on the fractal theory, this study establishes a Continuous Spatial Scaling Model (CSSM) of the Normalized Difference Vegetation Index (NDVI) to address issues arising with spatial up-scaling in quantitative remote sensing. This model is able to quantitatively describe transformation relationships of the NDVI on continuous scales. Then the following experiments are accomplished: (1) the validation of ETM+ NDVI imagery is implemented based on the GEOEYE-1 image and its NDVI CSSM, and the following conclusion is obtained: because of bad stripes in the ETM+ image and the limited effect of destriping, the ETM+ NDVI image had a rather large error, and the error for the entire experimental imagery is about 25%, so the ETM+ NDVI product is not suitable for direct practical application; (2) Shatian Byland (Beihai City, China) is taken as the experimental area, and four images (two ETM+ images with wider and smaller coverage, respectively, a GEOEYE-1 image, and an HJ-1B CCD1 image) are studied. The most suitable scale levels are computed and compared for the four images, and a better understanding is obtained of the impact of various image characteristics (area of coverage, spatial resolution, and imaging quality) on determining the scale level for the NDVI CSSM.
Introduction
 Spatial scale transformation is one of the most important basic issues arising in quantitative remote sensing [1] . In particular, spatial up-scaling has attracted much attention, since it can provide an effective way to solve a number of difficult problems, such as validation of quantitative remote sensing products [2] [3] [4] . There is no doubt that land surface reflectance presented scale effects [5, 6] . As the nonlinear combination of reflectance on red and near-infrared bands, the Normalized Difference Vegetation Index (NDVI) has more obvious and complex scale effects. Some studied it with statistic methods [7] [8] [9] [10] [11] , and others utilized analytical methods such as Taylor Series Expansion (TSE) [12, 13] .
However, as an important retrieval, the use of up-scaling for NDVI is confronted by these two issues in its implementation: (1) although the statistical methods were applied widely which could solve concrete problems well, the transformation formulas required lots of sample data and did not have clear physical meanings which were not applicable for different zones or sensors; (2) although the analytical methods had clear mathematical meanings, their kinds were limited and their precision was restricted because of some simplification and hypothesis conditions.
Based on the fractal theory, this study establishes a Continuous Spatial Scaling Model (CSSM) of the NDVI to address the above issues. This model is able to quantitatively describe the transformation relationships of the NDVI on continuous scales. Furthermore, the impact of different image characteristics (coverage D
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area, spatial resolution, and imaging quality) on determining the most reasonable scale level for establishing the NDVI. CSSM is subjected to a thorough analysis.
Materials and Methods
Materials
The experimental area was located in the Shatian Byland of Eastern Hepu County, Beihai City in the Guangxi Zhuang Autonomous Region of China, which is located at 109°42′3″ E to 109°45′36″ E and 21°29′0″ to 21°33′25″. During the time at which the experimental images were acquired, from early to late October, the coverage in this zone comprised mainly eucalyptus, natural forest, mangrove, cassava, paddy fields, man-made constructions and water. This zone was selected for the experiment precisely because it is for such situations with different kinds of land object and with high spatial heterogeneity scaling of the NDVI using a fractal method which has potential advantages.
There were three original images: Atmospheric correction of the GEOEYE-1 image was done based on the ENVI FLAASH module, and its land surface radiance ( Fig. 1) was obtained according to the transformation formula land surface radiance = land surface incident radiance × land surface hemispherical-directional reflectance [14] using 6S software.
The land surface radiance of the HJ-1B CCD1 image was obtained using the same method, and geometrical correction of the image was done with reference to the GEOEYE-1 image. Then, after preprocessing, the zone of the HJ-1B CCD1 image corresponding to the GEOEYE-1 image was taken as the experimental image (Fig. 2) . First, the ETM+ image was destriped, and then its land surface radiance was obtained by the same method as for the other two images. Finally, a 400 × 300 pixel zone and a 272 × 200 pixel zone (the same area as the GEOEYE-1 image) were taken as experimental images, which will henceforth be referred to respectively as the ETM+ image with wider coverage and the ETM+ image with smaller coverage (Fig. 3) .
The image with smaller coverage), and imaging quality (the HJ-1 CCD1 image versus the ETM+ image with smaller coverage). They can therefore be used to investigate the impact of these characteristics on determining the most reasonable scale level of the NDVI CSSM.
Methodology
The similarity fractal dimension was defined by
and, using this, the scale and NDVI parameters were transformed. According to Fig. 4 , the CSSM of the NDVI was then established as follows. First, the land surface radiances (e.g., r_11, r_12, r_21 and r_22) on the scale of the basic image (e.g., the 2 m scale of the GEOEYE-1 image) were summed by area to obtain the land surface radiance rad on larger scales, and the mean of NDVI (NDVI) on these larger scales was computed. Second, taking the basic image scale (e.g., the 2 m scale of the GEOEYE-1 image) as the base, the scale factor (scale) of the similarity fractal dimension was defined as the larger scale (scale_up) divided by the basic image scale (e.g., scale_2). Third, by computing the log 2 arrays of 1/scale and NDVI, a linear regression was performed based on the arrays:
where d is the slope of the fitting line and the constant b is its intercept. The NDVI CSSM was then established as
and its similarity fractal dimension D was calculated as
Because the land surface radiance satisfied the up-scaling rule of summing according to area [17] , the NDVI model with land surface radiance was selected to 
where NDVI 1 is the mean NDVI on the larger scale from Eq. (3) and NDVI 2 is the near-true mean NDVI on the same scale (e.g., the mean of the NDVI image computed from the true land surface radiance image).
Here, Diff represents the error in NDVI 1 . Thus, the ratio of Diff to NDVI 2 , 2 = / Error Diff NDVI (6) represents the ratio of the error in NDVI 1 to NDVI 2 . On this basis, Max_of_abs (Error) can be defined as the largest absolute value of Error, which is the largest error in validating NDVI using the CSSM, and can therefore be chosen as an index of the applicability of the CSSM. Taking the four statistical indices (r, p, rlo and rup) together with the index Max_of_abs (Error), the CSSM can be comprehensively estimated on the basis of statistics and applicability. These indices are mutually dependent and form a five-index estimation system for the NDVI CSSM. According to the flowchart shown in Fig. 4 , different large scales can be obtained from the basic image scale (e.g., the 2 m of the GEOEYE-1 image), with the largest of these scales corresponding to the final scale level. For a basic image (e.g., GEOEYE-1), different final scale levels can be set, and different NDVI CSSMs can be established for each of these. From these models, the most appropriate NDVI CSSM can be chosen once the parameter values for the estimation system have been set.
In this study, the appropriate scale levels for the experimental images were defined as follows. First, the NDVI CSSM of an image was established at each level. Second, the NDVI CSSMs at each level were analyzed based on the standard criterion (r ≥ 0.8, p < 0.05 and rlo ≥ r ≤ rup), and the levels matching the criterion were selected. Third, with the aim of determining the NDVI CSSM with the widest range of scales, based on the other criterion Max_of_abs(Error) ≤ 0.05, the most appropriate scale level could be defined from the available scale levels computed above.
To quantitatively analyze the reason for the NDVI scale effect, a spatial heterogeneity index (SHI) was defined to estimate the spatial heterogeneity of the images [18] . The SHI of an image pixel f(i, j) is defined as the sum of the absolute differences between a pixel and its eight neighbors:
Thus, Mean SHI for an image of size m × n pixels can be computed as In general, the greater the value of Mean SHI for an NDVI image is, the more obvious the scale effect of the image is.
Results and Discussion
Experiments and Results
The following experimental results were obtained. (a) Validation of ETM+ NDVI imagery based on the GEOEYE-1 image and its NDVI CSSM In the experiment, the NDVI CSSM of the GEOEYE-1 image (Fig. 1) was established on the basis of fractal theory and a five-index estimation system (r ≥ 0.8, p < 0.05, rlo ≥ r ≤ rup and Max_of_abs(Error) ≤ 0.05), and, by integrating the spectral normalization, the ETM+ NDVI image (Fig. 3b) was validated. From each image, 22 sample images of same areas were selected, which had four kinds of ranges (150 pixel × 150 pixel, 600 pixel × 600 pixel, 1,500 pixel × 1,500 pixel and 4,112 pixel × 3,036 pixel for GEOEYE-1 image, which were respectively corresponded to 10 pixel × 10 pixel, 40 pixel × 40 pixel, 100 pixel × 100 pixel and 272 pixel × 200 pixel of ETM+ image) and contained different kinds of ground objects described in "2.1 Materials". Then, on a 30 m scale, the NDVI values from the model and the ETM+ sample images were computed and compared, as shown in Fig. 5a . Fig.  5b shows the NDVI errors for the ETM+ sample images computed from Eq. (6) and compared with the upper and lower limits of acceptable error (±0.05), which were defined according to the estimation criterion Max_of_abs(Error) ≤ 0.05. The experimental results were analyzed, with the following conclusion: because of the influence of the bad stripes in the ETM+ image and the limited effect of destriping, the ETM+ NDVI image had a rather large error, and the error for the entire experimental imagery was about 25%, so the ETM+ NDVI product was not suitable for direct practical application. Meanwhile, the potential value of NDVI CSSM for validation was demonstrated.
For the ETM+ images with wider and smaller coverage, the NDVI CSSMs were respectively established at the most suitable scale levels (Levels 267 and 181) (Figs. 6 and 9), their Errors were computed (Figs. 7 and 10) , and the SHIs of the two NDVI images were computed (Figs. 8 and 11) . less than 0.05, which is consistent with the criterion Max_of_abs(Error) ≤ 0.05, and therefore the CSSMs can be applied for validation of the NDVI. In Figs. 8 and 11, Mean SHI at different up-scales would be the same if the ETM+ NDVI images were spatially uniform and not heterogeneous. In both of these figures, however, Mean SHI varies clearly on different scales, indicating that the ETM+ NDVI images are of high spatial heterogeneity, which is the reason for the NDVI scale effect and the Errors generated. On this basis, and taking the mean SHI, the most suitable model, the fractal dimension, the scale range, and the error range as indices, the NDVI CSSMs of the ETM+ images with wider and smaller coverage are compared in Table 1 .
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It can be concluded from Table 1 that, for images from the same sensor with similar land cover type, the wider the area of coverage is and the greater the spatial heterogeneity of the image is; the higher the scale level of the model is and the wider its scale range is.
(
c) Comparison of NDVI CSSMs based on the GEOEYE-1 image and ETM+ image with smaller coverage
For the GEOEYE-1 image and the ETM+ image with smaller coverage, the NDVI CSSMs were respectively established at the most suitable scale levels (Levels 495 and 181) (Figs. 9 and 12 ). Their Errors were computed (Figs. 10 and 13) , and the SHIs of the two NDVI images were computed (Figs. 11 and 14) .
In Figs. 13 and 10 , the absolute values of Errors are generally non-zero: for the GEOEYE-1 image, the minimum absolute value is 1.0697 × 10 -5 (at up-scale = 448 m) and the maximum is 0.0127 (at up-scale = 868 m), and for the ETM+ image with smaller coverage, the minimum is 1.3217 × 10 -5 (at up-scale = 630 m) and the maximum is 0.0237 (at up-scale = 3,000 m). For the most suitable NDVI CSSMs, the maximum absolute values of Errors are less than 0.05, which is consistent with the criterion Max_of_abs(Error) ≤ 0.05), and therefore the CSSMs can be applied to validation of the NDVI. In Figs. 11 and 14 , the Mean SHI at different up-scales would be the same if the GEOEYE-1 and ETM+ NDVI images were spatially uniform and not heterogeneous. In both of these figures, however, Mean SHI varies clearly on different scales, indicating that the two NDVI images are of high spatial heterogeneity, which is the reason for the NDVI scale effect and the Errors generated. On this basis, taking the mean SHI, the most suitable model, the fractal dimension, the scale range, and the error range as indices, the NDVI CSSMs of the GEOEYE-1 image and the ETM+ image with smaller coverage are compared in Table 2 . It can be concluded from Table 2 that, for images from different sensors of the same area of coverage and the same land cover type, the higher the spatial resolution is and the lower the spatial heterogeneity of the image is; the finer the scale of the model is but the smaller its scale range is, starting from a smaller scale corresponding to the source image's resolution and containing scales corresponding to integer multiples of the source image resolution. Conversely, the lower the spatial resolution is and the higher the spatial heterogeneity of the image is; the coarser the scale of the model is but the wider its scale range is, starting from a larger scale corresponding to the source image resolution and containing scales corresponding to integer multiples of the source image resolution.
Comparison of NDVI CSSMs based on the HJ-1 CCD1 image and ETM+ image with smaller coverage For the HJ-1 CCD1 image and the ETM+ image with smaller coverage, the NDVI CSSMs were respectively established at the most suitable scale levels (Levels 24 and 181) (Figs. 9 and 15 ). Their Errors were computed (Figs. 10 and 16) , and the SHIs of the two NDVI images were computed (Figs. 11 and 17) .
In Figs. 10 On this basis, taking the mean SHI, the most suitable model, the fractal dimension, the scale range, and the error range as indices, the NDVI CSSMs of the HJ-1 CCD1 image and the ETM+ image with smaller coverage are compared in Table 3 .
It can be concluded from Table 3 that, for images from different sensors of the same area of coverage and land cover type, the better the imaging quality is and the better the capability to describe complex structure and the spatial heterogeneity of the coverage is; the higher the scale level is and the wider the scale range of the model is.
Discussion
On one hand, from formula 3, the NDVI values by the model are the entire statistical feature of images on each scale, and the CSSM describes the relation between mean NDVIs of images on each scale, not of corresponding pixels. Therefore, it is a whole-image validation method based on NDVI CSSM. Although it is reasonable and reliable [17] , which is still anticipated to establish a more precise CSSM describing the relation between corresponding pixels of images on each scale which would implement more accurate validation.
On the other hand, the three sensors have different imaging parameters (e. g. spectral one, temporal one and geometric one), and it would bring some uncertainty into the comparison of NDVI CSSMs for the four experimental images. Consequently, in the next work, the normalization of imaging parameters will be concerned about to capture precise results.
Conclusions
Based on the fractal theory, this study has established an NDVI CSSM to quantitatively describe the transformation relationships of NDVI on continuous scales, which could be applied into the NDVI's validation. For land surface parameters with summing rules by area, such as land surface radiance and soil moisture, the CSSM methodology (shown in Fig. 4 ) is readily available from the literature. Furthermore, taking the Shatian Byland as an experimental area and comprehensively utilizing four images (two ETM+ images with wider and smaller coverage, respectively, a GEOEYE-1 image, and an HJ-1B CCD1 image), the impacts of various image characteristics (coverage area, spatial resolution, and imaging quality) on determining the most suitable scale level of NDVI CSSM have been analyzed. The results obtained have led to a better understanding of the characteristics of the NDVI CSSM. Furthermore, according to the theory system of fractal geometry [19] , fractal measurement and computation is only part of it; the generated mechanism or dynamic process of mathematical fractal and statistical one is another significant part of it. For example, Iterated Function System (IFS) is utilized to reveal the dynamic process of fractal phenomena (e. g. fractal downscaling of soil moisture) [20, 21] . While these researches are preliminary, there are many important problems to be addressed. It will be the research focus in the future work.
